ABSTRACT For the selective maintenance planning (SMP), the decision makers are required to select components to be maintained as well as how to repair within a finite break between missions considering limited time, cost, and other resources. However, a few studies analyze the impact of team maintenance capability on SMP. In this paper, novel SMP models considering team maintenance capability and imperfect maintenance are introduced, which is ignored in current studies. In addition, a two-phase method integrating fuzzy Choquet integral based on λ-fuzzy measure and dynamic multi-objective artificial bee colony (DMABC) is proposed to optimize the SMP models. Fuzzy Choquet integral is used to deal with interaction among criterions and the DMABC is applied to obtain non-dominated solutions with different maintenance capability. Finally, the performance comparison experiment is made between the DMABC and NSGA-II, and the validity of the proposed algorithm has been demonstrated by the results. 
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The associate editor coordinating the review of this manuscript and approving it for publication was Kai Li. It has been proved to be indispensable for many industrial systems to perform maintenance activities aiming at improving the reliability of the overall systems or searching trade-offs among system reliability, maintenance cost as well as maintenance time [1] . Maintenance activities are often performed between two successive missions. However, it seems to be impossible to perform perfect maintenance activities for each of multi-component systems when the restriction of the actual condition appear, such as the shortage of maintenance costs, limited maintenance personnel, the prescribed time, etc. Therefore, a strategy to optimize a subset of maintenance activities based on optional actions needs to be further studied. This strategy is called selective maintenance planning (SMP) [2] . SMP is firstly proposed by Rice et al. [3] . Their research object is a series-parallel system where the subsystems are made up of identical components with constant failure rate and only one type of maintenance action is applied in this paper. The goal of this study is to maximize system reliability. Cassady et al. [4] studied the SMP problem with three types of maintenance actions in which the life length of each component follows Weibull distribution. They adopted the enumeration method to deal with the proposed mathematical model. Rajagopalan and Cassady [5] improved the search efficiency of enumeration algorithms when dealing with the SMP models. Lust et al. [6] considered the SMP can become a complex COP when a large number of components exist in the maintenance systems. The authors replaced the enumeration method considered not feasible with three new methods. Liu and Huang [7] proposed the SMP model considering imperfect maintenance levels based on universal generating function for multi-state systems. Genetic algorithm (GA) [8] is applied to optimize the reliability of multi-state systems under cost constraint. Zhu et al. [9] also designed a cost-based maintenance decision-making model for machining line systems and obtained the optimal solutions by using an algorithm which includes heuristic rules and tabu search [10] . Moreover, the SMP mathematical model with a characteristic constant under imperfect maintenance is established by Pandey et al. [11] to maximize system reliability of the next mission during the maintenance break. Maillart et al. [12] formulated multi-mission SMP as a stochastic dynamic program and compared three policies such as infinite-horizon policy, single-mission, and two-mission policies. Considering the reliability of multistate systems, Daoet al. [13] studied the SMP problem under economic dependence for multi-state systems where multiple identical components have cost and time dependence. The research object is also a series-parallel system, and GA is applied to solve the problem of SMP. Pandey et al. [14] studied the SMP problem for a multistate system in which each component with more than two possible states. The authors in [15] address the maintenance sequence planning problem of multi-state systems with random mission durations. Considering the interaction among components repaired, [13] , [16] analyzed the SMP problem for multi-state series-parallel systems with economic and structural dependence, respectively. Similarly, Xu et al. [17] adopted improved classical exhaust algorithm to deal with the SMP model considering economic dependence. Zhou et al. [18] optimized maintenance strategies of parallel-series systems with stochastic and economic dependence through an improved approximate programming algorithm. In other aspects of SMP, a non-linear programming formulation of the SMP is utilized by Khatab et al. [19] to jointly select the maintenance levels as well as assign tasks for multiple repairpersons. References [20] and [21] analyzed the multi-state system from the perspective of fuzziness. The performance levels of components are regarded as a fuzzy number, and finally, the fuzzy availability of systems are assessed. Wang et al. [22] proposed a reliability model with performance sharing for series systems and evaluated system reliability by universal generating function method.
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Great progress has made in the field of SMP, however, the main common shortcoming is that all the paper surveyed above do not consider the influence of team maintenance capability for the SMP progress. It is worth mentioning that maintenance crews play a pivotal role in the whole SMP decision-making process. Different team maintenance capability will result in different decision-making schemes. According to the papers that have been published, only a few authors emphasize the importance of maintenance crews. For example, Khatab et al. [19] pointed out the absence factors which related to maintenance crews in the previous SMP mathematical models and the importance of them for decision-making. Unfortunately, the focus of this paper is the maintenance tasks assignment to repairpersons, i.e., Khatab et al. do not make the concrete analysis for the impact of different team capability on the maintenance decision-making process. The present study will, therefore, focus on analyzing the influence of team capability differences on SMP such that the most suitable maintenance schemes can be selected from different maintenance teams. In this paper, a two-phase approach combining MCDM method and optimization theory is developed to solve the focus of this work described above. This work makes one major and two secondary contributions that distinguish from the previous studies as follows:
• This work proposes the SMP models with team maintenance capability for hybrid parallel systems, which is ignored in the previous SMP literature. Moreover, the scenario on how to make maintenance decision-making among multiple teams with different maintenance capability has been analyzed and some reasonable suggestions have been given.
• Establishing a suitable assessment structure considering multiple criteria related to team maintenance capability. λ-fuzzy measure-based Choquet integral is adopted to obtain the final capability scores of different 66554 VOLUME 7, 2019 maintenance teams, which overcome the shortcoming that the interaction among criterions in the field of maintenance evaluation does not taken into consideration.
• A fast dynamic multi-objective artificial bee colony algorithm that achieved a better balance between global development and local search is developed to generate non-dominate solutions for the proposed SMP problem. By comparison with NSGA-II, a classical multi-objective optimization algorithm, the effectiveness of DMABC is demonstrated. The remainder of this paper is organized as follows. In Section II, the SMP mathematical programing models with team maintenance capability are proposed, which include reliability model of hybrid parallel systems, maintenance cost model as well as the time model along with some assumptions. Section III describes the proposed two-phase approach including pivotal techniques. An illustrative example and detailed results, as well as comparison, are given in Section IV. Finally, Section V draws conclusions and describes further research.
II. PROBLEM SIMULATION
To conveniently establish our proposed SMP mathematical models, some preliminaries are made as follows:
A. ASSUMPTIONS
• The components of the hybrid parallel systems are binary states, i.e., either in functioning condition or in a failed condition, and the components follow Weibull distribution.
• The number of repairperson of each maintenance team is considered the same.
• The replacement time of each component performed by different maintenance teams is assumed the same since only simple disassembly and assembly in the process. Furthermore, PM or CM time with IM levels is longer than it since various maintenance technologies have been applied in the process.
B. SYSTEM DESCRIPTION AND RELIABILITY COMPUTATION
Series-parallel systems [23] , [24] , parallel-series systems [25] , [26] , and k-out-of-n systems [27] , [28] have been widely studied by scholars and practitioners, but the hybrid parallel systems do not get much attention from the researchers. As described in Figure 1 , (a) and (b) in Figure 1 represent the basic structure of series-parallel systems and parallel-series systems, respectively. Figure 1 (c) represents the basic structure of hybrid parallel systems in which has two subsystems, and each subsystem has two pathways. Note that each pathway of subsystem 1 includes two components. Actually, the hybrid parallel structure is the mixture of parallel-series structure and series-parallel structure. Without loss of generality, the SMP problem solved in this work considers a hybrid parallel system that is comprised of S subsystems in series. Each subsystem i (i = 1, . . . , S) includes W i pathways, and each pathway is composed of P w components P iwj , (w = 1, . . . , W i ; j = 1, . . . , P w ). The system is assumed to be repaired during the break of two missions, that is, the system has just fulfilled a mission and the next mission with time duration γ is not started. For each component, the status of a component at the end of the previous mission is represented by a binary state variable ζ iwj : The reliability R of the whole system denotes the probability that the multi-components system successfully performs the next mission. First, we give the computation method of the reliability for a component. Then we can give the reliability of hybrid parallel system according to the system reliability block diagram.
The reliability of a component P iwj which is functioning at the start of the next mission is represented by the conditional probability r iwj that the component survives a particularly mission [4] . r iwj mainly depends on two aspects: the length γ of the next mission and effective age A iwj . Hence, r iwj is represented as:
When the failure distribution of a component follows the Weibull distribution, the conditional reliability R iwj is given as:
Then, the reliability of the whole hybrid parallel system during the next mission can be derived according to the reliability block diagram described in Figure 1 (c) and the VOLUME 7, 2019 computation rules related with series or parallel systems [6] . Finally, we get the reliability of the whole hybrid parallel system as:
Imperfect maintenance model is firstly introduced by Nakagawa [29] . Up to now, multiple imperfect models are proposed or improved by scholars [30] - [33] . During the break of two successive missions, the following maintenance levels are available in this work:
• Do nothing (DN): This maintenance level is set to 0, i.e., no maintenance action is performed on the functioning/working components. There is no repair cost in this condition, but the time of performing the process such as disassembly and assembly cannot be ignored.
• Replacement maintenance (RM): RM is the highest level of all levels. The RM cost of all components repaired by different maintenance team is considered the same since only the cost of the new component is involved in this process. The RM cost is also the highest maintenance cost.
• Imperfect maintenance (IM): Intermediate values l ∈ (1, 2, · · · , G − 1)represent IM levels that can bring the component to a better performance level. Note that each IM level l can generate corresponding cost and time. The age reduction approach is applied by [2] , [7] to model the imperfect maintenance process. An age reduction factor ϕ iwjl can be generated to reduce the age of the component when a PM/CM action with level l is executed on a component P iwj . Note that the same maintenance level l performed by different maintenance teams can generate different age reduction factor ϕ iwj . A binary decision variable ρ iwjlm is introduced as follows:
The effective age A iwj of the component P iwj at the start of the next mission depends on the effective age B iwj , maintenance level l, and the team capability. It can be expressed as follows:
D. MAINTENANCE COST AND MAINTENANCE TIME
In this work, the capability factor θ m is introduced to describe the maintenance capability of different teams. The authors consider that for a specific maintenance level, the teams with higher maintenance capability incur more cost than the teams with lower. Also, for the same maintenance team, the higher the maintenance level l, the higher the cost.
Note that the cost (C rc iwj or C rp iwj ) of the highest maintenance level is not subjected to team maintenance capability since the value of the component to be replaced is constant. A binary decision variable Z iwjl is established to describe whether the maintenance level l adopted is the highest maintenance level. Another binary decision variable ψ iwjl is established to state whether the maintenance action with level l is performed on the component P iwj.
The CM/PM cost is given as follows:
Similarly, For different maintenance teams, the stronger the team's maintenance capability is, the shorter maintenance time takes. For different maintenance levels, the higher maintenance level can generate more maintenance time. Note that the maintenance time generated by the highest level is not influenced by maintenance team capability, i.e., the repair time of replacement maintenance is constant. The time of replacement maintenance is considered the smallest time (expect for the level 0) in all levels since only simple disassembly in the process. Then the CM/PM time is given as follows:
Finally, the total maintenance cost and time are:
66556 VOLUME 7, 2019
E. THE PROPOSED NONLINEAR SMP MODELS
After the previous mission is finished, the SMP process is summarized as follows: compare the maintenance strategy with different team maintenance capability from the perspective of maximizing the system reliability and minimizing the total maintenance cost under multiple constraints. The models can be given by:
Constraints:
In the proposed SMP models, equations (16) and (17) are two optimization goals in our work. Constraint (18) restricts the maintenance break duration between two successive missions. Constraint (19) indicates that the maintenance levels performed by the m-th team can update the status of the component. Constraint (20) guarantees the minimum value of reliability required in the next mission. Constraint (21) specifies the value range of maintenance levels. Constraint (22) defines the range of team maintenance capability, which is described in the next section. Constraint (23) changes the effective age of each component during the maintenance break. Constraint (24) defines the mentioned variables as the binary variables applied in the SMP.
III. THE PROPOSED TWO-PHASE METHOD
Correct methods are required to solve problems reasonably. In this paper, a two-phase method is proposed to analyze the impact of different team maintenance capability on the non-dominated solutions which provide multiple optimal schemes for maintenance decision-making. The first phase is to obtain the capability factor of multiple maintenance teams according to the λ-fuzzy measure-based Choquet integral method. The second phase is to optimize the proposed SMP models through the DMABC algorithm and compare Pareto solutions from different maintenance teams.
A. THE FIRST PHASE: THE PROPOSED MCDM METHOD

1) Briefly introduction of several key technologies a: TRIANGULAR FUZZY NUMBER
The triangular fuzzy number and trapezoidal fuzzy number can be used to deal with the vague and uncertain issues associated with human subjective judgments. Triangular fuzzy number is more widely used in the field of maintenance evaluation [33] , [34] , so we select it as the expression method of fuzzy problem. A triangular fuzzy number is defined by a triplet (a L , a M , a U ) . The member function uã(x)shown in Figure 2 is defined as: where a L ≤ a M ≤ a U , a L and a U indicate lower and upper values, respectively, and a M stand for the middle value. Assumeã andb are two fuzzy numbers, then the calculation rule used in this paper is as follows:
The triangular fuzzy number provides a significant solution methodology for solving the vague and uncertain issues. The linguistic term set of human evaluation can be represented by the corresponding triangle fuzzy numbers, which is shown in Table 1 . Moreover, the change of the triangular fuzzy number of each level as shown in Table 1 will affect the final score of team maintenance capability, but it will not affect the ranking of teams with respect to maintenance capability. Furthermore, it will not affect the distribution trend of Pareto solutions about two optimization goals for maintenance teams. 
b: DEFUZZIFICATION
At present, three methods of defuzzification are applied to transform the fuzzy number into a crisp number [35] - [37] .
• Distance measure method:
• Gravity method:
In this work, we take the mean value of the above methods as the defuzzification method as follows:
c: CHOQUET INTEGRAL BASED ON λ -FUZZY MEASURE
It is noteworthy that a large number of studies [38] , [40] which are related to maintenance evaluation do not focus on the interaction among criterions. However, the interaction among criterions is usually inevitable in evaluation process [37] . Hence, Choquet integral based on λ-fuzzy measure is used to overcome the shortcoming for evaluating the team maintenance capability.
1) λ-FUZZY MEASURE
The definitions and properties of λ-fuzzy measure are detailed introduced in [39] . Here, we mainly describe the calculation process. Assume that the criterion set X = {x 1 , x 2 , . . . , x n } is a finite set, and σ (X ) is a subset of X. For a subset including only one criterion x i , g{(x i )} = g i denotes the fuzzy density. Also, the fuzzy density represents the weight of each criterion which can be obtained from experts or decision-makers. Then the fuzzy measure of X is obtained by the following equation:
The parameter λ is calculated by the following equation according to the boundary condition g λ (X ) = 1(|X | = n).
2) FUZZY CHOQUET INTEGRAL
Assume the evaluation values of n criterion of a maintenance team have been obtained from the specified experts, which is represented by f (x i ); i = 1, 2, . . . , n that follows reverse order with respect to i, that is,
Then the fuzzy Choquet integral value is calculated by:
3) SELECTION OF CRITERIONS AND ASSESSMENT PROCESS
Considering the relevant literature [38] , [40] and experts' advice on criterions selection, five criterions are finally selected to evaluate team maintenance capability, which is shown in Figure 3 . x 1 represents cooperative maintenance ability among maintenance crews. x 2 represents the technical level of the maintenance team. x 3 represents fault diagnosis capability for the components after the mission is finished. x 4 represents advancements of maintenance methods adopted in the maintenance process. x 5 represents the support capability of maintenance resources such as the components to be replaced, repair devices, and so on. Note that the five criteria proposed in this paper for evaluating team maintenance capability have a positive interaction. For example, support capability of maintenance resources can improve cooperative maintenance ability among maintenance crews, advancement of maintenance methods can enhance the technical level of the maintenance team and so on. Moreover, λ-fuzzy-measures can fully represent the interactions among criteria and are easy to calculate. Hence, it is suitable to adopt Choquet integral based on λ-fuzzy measure to evaluate the team maintenance capability. From Figure 3 , the interaction among criterions is clearly found, which is shown with a dotted line. Finally, the maintenance ability can be derived from these criterions and their interaction through the proposed method of the first phase. It can be detailed described as follows.
Step 1: Establish the data matrix In this step, each expert can evaluate the n-th criterion of the m-th maintenance team through the linguistic value of triangle fuzzy number described in Table 1 , therefore, each expert can obtain an initial data matrix D m×n related with a fuzzy number. For each position of D m×n , initial data matrices of all experts need to be integrated into one fuzzy number according to equation (25) and average the integrated matrix by dividing the number of experts. Then we perform defuzzification for the current matrix according to equation (26) and obtain the final data matrix F m×n . Next, the standardized matrix S m×n is obtained by the z-score standardized method which is used to eliminate the difference of dimensions/units of criteria [41] .
Step 2: Obtain the weights of criterions and the capability value of each maintenance team
The entropy weight method [42] that is a mature and common technique is performed on the standardized matrix S m×n to gain the objective weight of each criterion. The subjective weight is directly given by the decision-makers. Then the comprehensive weight is obtained by integrating the subjective and objective weights with a weight coefficient, and this coefficient is usually set to 0.5. Next, the parameter λ and fuzzy measure are obtained by equations (27) and (28) . Finally, the capability value of each maintenance team is gained according to equation (29) based on the fuzzy measure and the standardized Y m×n that provides the evaluation values of criterions.
B. THE SECOND PHASE: THE OPTIMIZATION PROCESS OF DMABC
In order to compare and analyze decision-making schemes of multiple maintenance teams with different maintenance capability from the perspective of system reliability and maintenance cost, evolutionary algorithms [43] need to be applied in this work since the SMP problem become a complex combinational optimization problem [11] when the system has a large number of components. For example, the SMP schemes have 78125 options when systems contain five components and the highest maintenance level is set to six. Therefore, exhaustion methods are rather difficult to obtain an optimal solution for large SMP.
The basic multi-objective artificial bee colony algorithm (MOABC) is detailed explained in [44] , [45] . Now, the DMABC algorithm proposed in this work is introduced to optimize the SMP models described in section II. To improve the algorithm performance and obtain non-dominated solutions with higher quality, the non-dominated sorting approach in NSGA-II [46] and external archive of particle swarm optimization algorithm [47] are integrated with DMABC algorithm. We explain the proposed algorithm in four aspects.
1) FOOD SOURCES PHASE
In the ABC algorithm, food sources represent the solutions to optimization problems. The expression of food sources (solution representation) is one of the most significant parts in the implementation of DMABC, which can directly affect the algorithm efficiency. Let P represent the total number of components in the system. P is set to 9, that is, nine components in the whole systems, which is shown in Figure 4 x. Then the nine components marked in number 1 to 9 are divided into two classes: failed components and functioning components. Failed component (3,6,9) select maintenance level (C 3 , C 6 , C 9 ) from the levels range [0, G iwjC ]. Similarly, functioning components (1,2,4,5,7,8) select maintenance level (P 1 , P 2 , P 4 ,P 5 ,
represents the highest level of preventive (corrective) maintenance. For the convenience of calculation, let G iwjC = G iwjP = G iwj in this work. The above phase is shown in Figure 4y . Subsequently, a solution is generated, which is shown in Figure 4z .
Next, we adopt a non-dominated sorting approach to compare valuation indices of food sources and put the resulting non-dominated solutions into the external archive.
2) ITERATION PROCESS
Step 1 : Employed bees phase
In this phase, employed bees are sent to exploit food sources. Populations are composed of food sources. The population that has been established is denoted as the VOLUME 7, 2019 parent population. The population needs to be generated is denoted as the offspring population. Employed bees perform a local search by the following equation:
where X pi (g) represents the i-th individual (food source) of the parent population in the g-th iteration. X pj (g) represents the j-th individual of the parent population. X oi (g) represents the i-th individual of the offspring population. The local search process is detailed shown in Algorithm 1.
Algorithm 1 Local Search Operator of Employed Bee Phase
Input:Parent population P(g) Output: Offspring population O(g) (1) For i = 1:Popsize (2) Randomly select an individual X i (g) from P(g) and obtain the index number j of the individual; (3) While(i == j) (4) Judge whether the index j is equal to i;
Round numbers for all genes of Xoi(g); (8) For i = 1 to n //n represents the gene number of a individual (9) If (the i-th gene of X oi (g) satisfies levels constraint) (10) Continue; (11) Else (12) Randomly select an integer from [0∼ G iwj ] to replace the i-th gene; (13) End If (14) End For (15) End For
Step 2: Onlooker bees phase In the basic ABC algorithm, onlooker bees select food sources to exploit according to the fitness value of food sources. The original onlooker bees phase is essentially a local search behavior that results in prematurity of algorithm. Therefore, a dynamic crossover process based on population division is designed to improve the diversity of the population, which is vividly shown in Figure 5 . Assume that the highest levels G iwj = 7.
In Figure 5 (a), parent population is divided into the elite population and the general population through non-dominated sorting approach. The elite population consists of the individuals (food sources) of rank = 1 after non-dominated sorting. The general population consists of other individuals. In Figure 5 (b), we select an elite individual in turn from the elite population and select an individual as a pre-crossover individual randomly from the general population. Two genes (7, 5) of the general individual are dynamically selected as crossover position. Then the corresponding genes (2, 6) of the elite individual are replaced with the selected two genes of a general individual. The offspring population 1 is generated by performing this operator for all individuals of the elite population. Similarly, In Figure 5 (c), four genes of the general individual are replaced with the corresponding genes of the elite individual that have been dynamically selected. Note that few genes of general population flow into the elite population and more elite genes flow into the general population. By this means, we increase the diversity of the population and enhance the global searching ability of the algorithm. The specific dynamic crossover operator is described in Algorithm 2. At the end of this phase, the valuation indices of parent and offspring population have been compared and the external archive has been updated.
Step 3: Scout bees phase In the ABC algorithm, if the quality of a food source is not improved after the food source is exploited many times, then the food source is abandoned. The associated employed bee becomes a scout bee and generates a new food source according to the method described in food sources phase. The upper limit of exploiting is a significant parameter in the ABC algorithm, which is known as limit.
IV. COMPUTATIONAL EXAMPLE AND ANALYSIS
In this section, a numerical experiment is conducted to illustrate the influence of different team capability for the SMP and demonstrate the validity and applicability of the proposed two-phase method. The experiment is run on Intel TM i3 2.53GHz computer with 4GB of RAM running windows 7 TM . The coding is done in MATLAB 2014.
A. MCDM ASSESSMENT FOR MAINTENANCE CAPABILITY
Initial data is generally obtained through assessment of experts from different fields, e.g., the practitioners in the maintenance industry and scholars of college. In this work,
Algorithm 2 Dynamic Selective Search Strategy
Input: Parent population P(g) Output: Offspring population O(g) (1) Make non-dominant ranking for the parent population; (2) Count the number of the individual grades after ranking as L g ; (3) For m = 1: L g (4) If (m == 1) (5) Put the individuals of the first grade into elite population; (6) Else (7) Put the individuals of the other grades into the generalpopulation; (8) End If four experts, including two scholars who specialize in maintenance field, a manager of maintenance enterprise, and an operator who engage in maintenance for more than 5 years, give their linguistic assessment value for each criterion of all maintenance teams to construct the initial data matrix D m×n according to the linguistic levels described in Table 1 , which is shown in Table 2 . Then the final data matrix F m×n and the standardized matrix S m×n are obtained through handing the initial data matrix D m×n described in Section III, which are shown in Table 3 and Table 4 . Finally, the parameter λ obtained by the equation (29) is 0.1560 (λ > 0) which shows the positive effect among criterions. Subsequently, the fuzzy measure set can be worked out and the final maintenance capability of each team is gained based on fuzzy Choquet integral, which is shown in Figure 6 . 
1) OPTIMAL SOLUTIONS FOR THE PROPOSED SMP MODEL
In this section, a more complex hybrid parallel system than that in Figure 1 is applied, which consists of nine components as shown in Figure 7 . As described in Figure 7 , subsystem1 has three components which are connected in parallel structure. Subsystem2 has two pathways, each with two components. The structure of subsystem2 is a parallel-series structure. Two components are contained in subsystem3, which is also a parallel structure. The shape and scale parameters of Weibull distribution from [2] , [7] are referenced and used in this work. For subsystem i, the two parameters are set to β 1wj = 3 and η 1wj = 20, β 21j = 2.4, η 21j = 30, β 22j = 1.5 and η 22j = 15(j = 1, 2), and β 3wj = 1.6 and η 3wj = 28. The highest maintenance level G iwj is set to 7, that is, DN, six IM levels, and RM. The length of the next mission is set to 8, and the time constraint is set to [40, 80] . The values of parameters for each component, e.g., the component state at the end of the previous mission, the RM cost and time, the effective age at the end of the previous mission, are listed in Table 5 .
For the complex hybrid parallel system that contains nine components, a large number of solutions are contained in decision-making set. DMABC as one of the evolutionary algorithms is an effective method to solve the proposed SMP problem. The control parameters of DMABC are set through a series of preliminary experiments as follows: the maximum cycle is set to 100, the population size is set to 100, and the upper limit of exploiting is set to 10. Note that the number of employed bees is the same as population size in basic ABC, and the limit changes with employed bees. After this step, the final Pareto solutions for the four maintenance teams with different maintenance capability are shown in Table 6 , and the decision-making planning schemes corresponding to these solutions described in Table 6 are shown in Table 7 .
As can be seen in Table 6 , from the respective of system reliability, team 1 with the highest maintenance capability obtains the maximum system reliability (0.9238 17.46) which is marked in bold within the prescribed time constraint. Teams 3 and 4 also gained Pareto solutions with system reliability greater than 0.9 which are marked in bold. But, the reliability of all solutions gained by team 2 with the lowest capability is lower than 0.9, which is a reflection of poor maintenance capability in a relatively short time. From the respective of cost, the minimum cost (0.8516 8.86) is gained by team 2 under the premise of reliability constraint. More maintenance costs are incurred by teams 1 and 3 in terms of minimum costs. From the respective of the average value, the improvement of maintenance capability can increase system reliability and costs but reduce time.
AVER represents the average value. Within relatively urgent maintenance time, the teams with stronger maintenance capability demonstrate excellent mission completion capability. We can clearly see from Figure 8 that team 1 (θ = 0.9058) obtain more SMP schemes within the time less than 50. The maximum maintenance time has been increased with the decline of maintenance capacity. For θ = 0.5814, the maintenance time is up to 78.5, but the system reliability is only 0.8894. This also shows that it is not easy for the team with weak maintenance ability to control the maintenance time on the premise of achieving the cost and reliability goals. From Figure 8 , with the increasing of team's maintenance capability, the number of Pareto solutions will also increase. It's worth noting that the system reliability obtained by weak teams is relatively lower, but the maintenance costs are saved, which provides a good reference SMP schemes for enterprises with fund shortage. On the contrary, the well-funded enterprises should select the teams with stronger capability since its trustworthiness.
In addition, we detailed compare the efficiency of solutions for the four teams, which is shown in Figure 9 . From Figure 9 , maintenance teams (team 1 and 3) with high capability have strong control over the maintenance efficiency, that is, these teams contain solutions in each time interval. We can see that only teams 1 and 2 generate solutions in time interval [40∼50] . Categories of solutions (time interval) decrease with the team capability declines, and team 2 is only qualified for the missions in the interval [70∼90].
2) RESULTS COMPARISON
To further demonstrate the effectiveness of DMABC, a comparison experiment is done between DMABC and NSGA-II [48] . The maintenance team 3 (θ = 0.8110) is selected to complete the comparison experiment. The same coding method, population size, the maximum cycle, and SMP models as DMABC is adopted by NSGA-II to make a fair comparison. Besides, the two algorithms run on Matlab (2014) of the same computer. The solutions obtained from NSGA-II are presented in Table 8 .
We can see that from the comparison, some of the solutions from DMABC and NSGA-II are the same. Several solutions from NSGA-II, expect the seventh solution, are dominated by these solutions from DMABC, which are marked in bold. However, the second solution from DMABC is better than the seventh solution from NSGA-II since 0.01 cost increase reliability of 0.0059. Moreover, the proposed method obtains more non-dominated solutions than NSGA-II. This demonstrates that the proposed algorithm produces solutions with better quality than NSGA-II does.
In addition to the above results comparison between DMABC and NSGA-II, some actual advantages of the proposed method need to be highlighted as follows:
1) The algorithm proposed in this paper is a combination of multi-criteria evaluation method and multi-objective optimization algorithm, which reasonably solves the problems studied in this paper. In the previous work, they are generally used separately. This paper can provide a reference for the combination of multi-criteria evaluation method and multiobjective optimization algorithm.
2) DMABC reasonably solves the trade-off between mission reliability and maintenance cost, which is required to be solved by a multi-objective algorithm in the literature [2] . Moreover the crossover mechanism based on population division is proposed to make the excellent genes more effectively flow into the offspring population, which is more suitable than the crossover operator of the basic genetic algorithm.
3) The two-stage method proposed in this paper includes the treatment of human factors (team capabilities), which is relatively rare in previous studies.
Although the improvement of the algorithm has been made, there are still some limitations. Though the restriction of gene flow only depends on the mechanism of population division, the crossover of genes after population division is still random, which indicates a small amount of inferior genes will still flow to offspring population. For this limitation, we will further study the mechanism of gene selection by combining and improving the excellent operators of other evolutionary algorithms to control the probability of inferior genes entering the offspring population.
V. CONCLUSIONS
In this paper, the SMP problem considering team capability is addressed. We analyze the influence of maintenance teams with different capability values for the SMP and put forward the maintenance planning recommendation among multiple teams. In addition, an assessment structure considering maintenance crews, technology, and resources is established to obtain the capability value of maintenance teams. A novel SMP model is constructed according to the problems to be solved in this work, which is ignored in the current researches. Moreover, our work proposes a two-phase approach that integrates fuzzy Choquet integral based on λ-fuzzy measure and DMABC, which is a successful example of combining MCDM and multi-objective optimization. Fuzzy Choquet integral is applied to deal with the interaction among assessment criterions and gain the final team maintenance capability value. DMABC is applied to obtain the Pareto solutions of different maintenance teams by optimizing the proposed SMP models. Furthermore, by comparing with NSGA-II, the proposed algorithm is demonstrated to be effective in dealing with the SMP problem.
Nevertheless, the imperfection of this work is that the state of components is considered a binary state, that is, the multistate of the components is possible. In the future, we will study systems performance consists of multi-state components considering maintenance crews. In addition, the more efficient multi-objective optimization algorithms need to be further studied by integrating other optimization.
